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Abstract – Air pollution has become a major issue and caused widespread environmental and
health problems. Aerosols or particulate matters are an important component of the atmosphere
and can transport under complex meteorological conditions. Based on the data of PM2.5 ob-
servations, we develop a network approach to study and quantify their spreading and diffusion
patterns. We calculate cross-correlation functions of time lag between sites within different season.
The probability distribution of correlation changes with season. It is found that the probability
distributions in four seasons can be scaled into one scaling function with averages and standard
deviations of correlation. This seasonal scaling behavior indicates there is the same mechanism
behind correlations of PM2.5 concentration in different seasons. Further, from weighted and direc-
tional degrees of complex network, different properties of PM2.5 concentration are studied. The
weighted degrees reveal the strongest correlations of PM2.5 concentration in winter and in the
North China plain. These directional degrees show net influences of PM2.5 along Gobi and inner
Mongolia, the North China plain, Central China, and Yangtze River Delta.
Introduction. – Aerosols or particulate matters,
which control process from low visibility events to pre-
cipitation, are important components of the atmosphere.
They play a critical role in global climate pattern and
public health. Chen et al. [1] have reported the impact on
life expectancy of sustained exposure to air pollution from
China ’s Huai River policy. Due to anthropogenic emis-
sions, the concentration of particulate matters is growing
sharply. In the past few years, China has witnessed rapid
growth both in industry and in citys population. As a re-
sult, air pollution, especially the pollution caused by high
PM2.5 concentration, has become a serious issue [2].
Most previous studies on PM2.5 concentrated on obser-
vation in one site. Winter and summer PM2.5 chemical
compositions in 14 cities of China have been analysed by
Cao et al. [3]. The publishing of hourly data since 2013
provided possibility to study spatial distribution and sea-
sonal variation of PM2.5 in China [4]. Using the data
(a)E-mail: chenxs@itp.ac.cn
of monitoring network in the North China Plain and the
Yangtze River Delta, Hu et al. [5] found strong temporal
correlation between cities within 250 km. For 81 cities in
China, Gao et al. [6] studied air pollution of city clusters
from June 2004 to June 2007. The relation between air
quality over Beijing and its surroundings and circulation
patterns was studied by Zhang et al. [7]. The spatiotem-
poral variations of PM2.5 and PM10 concentrations of 31
Chinese cities from March 2013 to March 2014 were re-
lated to SO2, NO2, CO and O3 [8]. At a suburban site
between Beijing and Tianjin, the correlation of pollutants
to meteorological conditions was discussed [9].
The studies [5,6] have shown that PM2.5 concentrations
in different cities are not localized and related each other.
It is of great interest to investigate how far the PM2.5
concentrations in different cities of China are correlated.
Using the hourly data of monitoring sites over China, the
spatial correlations of PM2.5 concentrations in 2015 have
been studied using the principal component analysis [10].
In the last decade, network has emerged as an important
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tool in studies of complex systems and has been applied
to a wide variety of disciplines [11–13]. Recently, complex
network theory has been used to study climate systems
[14–21]. For a climate system, geographical locations or
grid points are regarded as nodes of network and the links
between them are defined from a cross correlation function
[18,21] or event synchronization [22].
In this letter, we study the PM2.5 concentrations in
China from the aspect of complex networks. The nodes
of PM2.5 concentration network can be defined from the
monitoring stations. Using PM2.5 concentration data, we
can calculate the correlation between nodes and define
their links. The global properties of PM2.5 concentra-
tions in China will be studied from the aspect of network.
Our work is organized as follows. In the next section, we
describe the data and introduce the methodology. The
results are presented and discussed in the third section.
Finally, a short summary is given.
Data and Methodology. –
Data. The Ministry of Environmental Protection
of China has been publishing air quality index since
2013 and provide data for us to study atmospheric
pollution. We use the hourly PM2.5 concentration
data of 754 monitoring sites over China from Dec.2014
to Nov.2015 (http://113.108.142.147:20035/emcpublish/).
In pre-processing, we transform 754 monitoring stations
into 163 sites with the area 1◦ × 1◦. The concentration
of a site is defined by the average of monitoring stations
inside this site. Since the strong seasonal dependence of
PM2.5 concentration, we divide the data into four groups
corresponding to winter(Dec, Jan, Feb), spring(Mar, Apr,
May), summer(Jun, Jul, Aug) and autumn(Sep, Oct,
Nov).
Methodology. During a time period T , the PM2.5 con-
centration of site i has a series Xi(t). With respect to its
average 〈Xi〉 = 1T
∑T
t=1Xi(t), there is a fluctuation se-
ries δXi(t) = Xi(t) − 〈Xi〉. To study the correlation of
PM2.5 concentration between sites i and j, we calculate
the cross-correlation function [18],
Cˆij(τ) =
〈δXi(t) · δXj(t+ τ)〉√〈
[δXi(t)]
2
〉
·
√〈
[δXj(t+ τ)]
2
〉 , (1)
where −τmax ≤ τ ≤ τmax is the time lag. On the basis
of time-reversal symmetry, there is a relation Cˆij(−τ) =
Cˆji(τ). The cross-correlation in the interval [−τmax, τmax]
can be calculated by Cˆij(τ ≥ 0) and Cˆji(τ ≥ 0). We
identify the largest absolute value of Cˆij(τ) and denote
the corresponding time lag as τ∗ij . The correlation between
sites i and j is defined as Cij ≡ Cˆij(τ∗). If τ∗ij 6= 0,
the correlation between sites i and j is directional. The
direction of correlation is from i to j when τ∗ij > 0 and
from j to i when τ∗ij < 0.
For given N nodes, there are (N − 1)N/2 correlations
and they can be described by a probability distribution
function (PDF) ρ(C).
For the definition of a network, a threshold ∆ of correla-
tion is introduced to exclude noise. The adjacency matrix
of the network is defined with the threshold as
Aij =
{
1− δij |Cij | > ∆
0 |Cij | ≤ ∆ ,
(2)
where the Kronecker’s delta δij = 0 for i 6= j and δij = 1
for i = j so that self-loop is excluded.
The importance of site i in the network is characterized
usually by its degree kCi =
∑N
j=1Aij [11]. More informa-
tion can be taken into account with a weighted degree
k¯Ci =
N∑
j=1
Aij |Cij | . (3)
The direction from sites i to j is described by a unit
vector ~eij =
1
d (δφ, δθ) with d =
√
δφ2 + δθ2, where δφ
and δθ are the longitude and latitude differences of i and j
respectively. We can further introduce a directional degree
as
~kCi =
N∑
j=1,τ∗ij>0
Aij |Cij | ~eij +
N∑
j=1,τ∗ij<0
Aij |Cij | (−~eij)
(4)
to quantify the PM2.5 concentration directional influences
of site i.
Alternatively, we can determine network links according
to
Gij =
Cij −mean(Cˆij(τ))
std(Cˆij(τ))
, (5)
where “mean” and “std” represent the mean and standard
deviation of the cross-correlation function [19,23,24].
The adjacency matrix of network is now defined as
Bij =
{
1− δij |Gij | > Θ
0 |Gij | ≤ Θ .
(6)
with the threshold Θ of G. With Cij replaced by Gij in
Eq. (3) and Eq. (4), we can obtain the weighted degree
k¯Gi and the directional degree
~kGi of G.
Results. – We calculate firstly the mean PM2.5 con-
centration 〈Xi〉 = 1T
∑T
t=1Xi(t) of sites i = 1, 2, ..., 163
and show them in Fig. 1 for four seasons. The overall
average
X¯ =
1
N
N∑
i=1
〈Xi〉 (7)
is 75.3µg/m3 in winter, 48.2µg/m3 in spring, 36.5µg/m3
in summer and 46.9µg/m3 in autumn. In winter, 45
percent of sites has mean PM2.5 concentration above
75µg/m3 and the percentage of the sites above 35µg/m3 is
95%. The maximum mean PM2.5 concentration in winter
is related to the enhanced anthropogenic emissions from
p-2
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fossil fuel combustion, biomass burning and unfavorable
meteorological conditions for pollution dispersion [4]. In
spring, 8 percent of sites have mean concentrations above
75µg/m3 and 77 percent are above 35µg/m3. The lowest
mean PM2.5 concentration is reached in summer. Only 4
percent of sites have mean concentrations above 75µg/m3
and 47 percent are above 35µg/m3. In autumn, the per-
centage of sites above 35µg/m3 and 75µg/m3 reaches 78%
and 7%, respectively.
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Fig. 1: (Color online) Distribution of mean PM2.5 concentra-
tion over China for the four seasons of 2015.
The cross-correlation functions Cˆij(τ) between N sites
were calculated according to Eq. (1) and with τmax =
10 days. From Cˆij(τ), we can obtain the correlation Cij
between sites i and j. The PDF ρ(C) of correlation is
presented in Fig. 2 for four seasons. It can be seen that
ρ(C) is separated into positive and negative parts.
0
1
2
3
4
−0.5 0.0 0.5 1.0
C
ρ(C
)
DJF
MAM
JJA
SON
Fig. 2: Probability distribution function of correlation be-
tween sites in the four seasons of 2015.
Table 1: Proportion, average, and standard deviations of pos-
itive and negative correlations.
DJF MAM JJA SON
λp 95% 78% 55% 84%
〈Cp〉 0.406 0.361 0.356 0.397
σp 0.146 0.136 0.145 0.155
λn 5% 22% 45% 16%
〈Cn〉 -0.249 -0.255 -0.277 -0.254
σn 0.058 0.060 0.072 0.064
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Fig. 3: (Color online) Probability distribution functions ρp(C)
in (a) and ρn(C) in (b). The variation of f(W ) as a function
of the scaling quantity W for (c) positive and (d) negative
correlations.
The proportions of positive and negative correlations
can be calculated by
λp =
∫ 1
0
ρ(C)dC , (8)
λn =
∫ 0
−1
ρ(C)dC . (9)
For positive correlations, we get λp = 95% in winter, 78%
in spring, 55% in summer and 84% in autumn. Corre-
spondingly, the negative correlations have the proportion
λn = 1−λp = 5%, 22%, 45% and 16% in the four seasons.
Further, we introduce probability distribution functions
ρp(C) =
1
λp
ρ(C) (10)
for C > 0 and
ρn(C) =
1
λn
ρ(C) (11)
for C < 0. They are presented in Fig.3 (a) and (b) and
depend on season. The averages 〈Cp〉, 〈Cn〉 and standard
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deviations σp, σn of positive and negative correlation can
be calculated with ρp(C) and ρn(C). Their results are
summarized in Table 1 for different seasons. λp and 〈Cp〉
have their maximum in winter and minimum in summer,
which is in accord with the overall average of mean PM2.5
concentration.
In a system near its critical point, its physical properties
follow scaling behavior because of long-range correlation
[25, 26]. The two-variable function of a physical property
can be rewritten as a function of scaled variable, which
is universal. We take account of long-range correlation
of PM2.5 concentration and search for scaling behavior of
probability distribution functions ρp(C) and ρn(C). Using
the scaling variable
Wp = [C − 〈Cp〉] /σp , (12)
Wn = [C − 〈Cn〉] /σn , (13)
we can introduce two scaling functions
fp(Wp) = σp · ρp(C) (14)
for positive correlations and
fn(Wn) = σn · ρn(C). (15)
for negative correlations. As shown in Fig.3 (c) and (d),
the scaling distribution functions for positive and nega-
tive correlations in four seasons collapse together. This
indicates that there is the same mechanism behind the
correlation of PM2.5 concentration.
The different characters of positive and negative corre-
lations can be demonstrated further by their PDF of dis-
tance r and time lag τ∗, which are shown in Fig.4. ρn(r)
of negative correlations has its peak at a the PDF of r
and τ∗ are shown in Fig.4 (a) and (c). The PDF of neg-
ative correlations are presented in Fig.4 (b) for distance
and (d) for time lag. At the peaks of PDF, the distance of
negative correlations is obviously larger than that of pos-
itive correlations. The PDF of time lag has maximum at
τ∗ = 0 for positive correlations and τ∗ 6= 0 for negative
correlations. Negative correlations take on the character
of larger distance and longer time lag.
The average positive correlation C¯p(r) at fixed distance
r is shown in Fig. 4 (e). In winter and autumn, the decay
of C¯p(r) follows a power law in some range of r. This could
be related to the transport of PM2.5 by atmospheric cur-
rents. This trend will be weakened in spring and summer
[27]. The average negative correlation C¯n(r) demonstrates
quite different behaviors, which are shown in Fig. 4 (f).
At large distance, C¯n(r) becomes nearly constant. We
suppose that negative correlations are resulted by some
external factors existing in large scale of distance.
To define the network of correlation, the threshold ∆ of
correlation is determined from the shuffled data obtained
by permuting randomly the real data in a season. PDF of
correlation from shuffle data is compared with that from
real data in Fig. 5. We define the average of absolute
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Fig. 4: PDF of distance r is shown in (a) for positive and
(b) for negative correlations. PDF of time lag τ∗ is shown in
(c) for positive and (d) for negative correlations. Averages of
positive and negative correlations at distance r are plotted in
(e) and (f).
values of correlations from shuffled data as the threshold
∆. We obtain ∆ = 0.017 and the adjacency matrix of the
network for correlation C according to Eq. (2).
The weighted degree of a site, which characterizes its
total correlation with surrounds, can be calculated using
Eq. (3). The distribution of weighted degree for positive
correlations are shown in Fig. 6. In comparison with Fig.
1 of mean PM2.5 concentration, the relevance of weighted
degree to mean PM2.5 concentration can be found. In
the regions with larger mean PM2.5 concentration, the
sites there have also larger weighted degree. There are
the largest weighted degrees in winter as the mean PM2.5
concentration.
For negative correlations, distributions of weighted de-
gree in different seasons are shown in Fig. 7. On the con-
trary, there are the largest weighted degrees in summer
and the smallest weighted degrees in winter.
The directional degree of a site, which is calculated ac-
cording to Eq. (4), characterizes its net influence to sur-
roundings. We present the distribution of directional de-
gree for positive correlations in Fig. 8. In winter, there
are the strongest directional degrees in the most sites. The
sites of the north-west China, such as Xinjiang, Sichuan
and Guizhou, have directional degrees in the direction
from west to east. The directional degrees indicate net
influences of PM2.5 concentration along Gobi and Inner
Mongolia plateau, the North China Plain, Central China ,
p-4
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Fig. 5: (Color online) PDF of correlations from real data and
shuffle data in all seasons .
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Fig. 6: (Color online) Distribution of weight degree in network
of positive correlations.
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Fig. 7: (Color online) Distribution of weight degree in network
of negative correlations.
DJF MAM
JJA SON
20°N
30°N
40°N
50°N
20°N
30°N
40°N
50°N
80°E 100°E 120°E 80°E 100°E 120°E
Longitude
La
tit
ud
e
10
20
30
5°N
12°N
20°N
108°E 114°E 120°E
Fig. 8: (Color online) Distribution of directional degree in net-
work of positive correlations.
and Yangtze River Delta. This phenomena can be related
to the the east Asia winter monsoon [27, 28], which has
been shown by numerous studies. In other seasons, the
directional degrees are smaller and less directional than in
winter. In summer especially, only the sites around Pearl
River Delta have visible directional degrees in the direc-
tion from south to north. The distribution of directional
degree for negative correlations are shown in Fig. 9. No
significant directional influence can be found for negative
correlations.
According to Eq. 5, Gij between sites i and j can be
calculated. The threshold Θ = 3.25 of G can be obtained
by averaging absolute values of the shuffled data of G. It
is found that Θ is larger than all absolute values of nega-
tive Gij . Therefore, only a network of positive Gij can be
defined by the adjacency matrix B of Eq. 6 . The distri-
bution of weighted degree in this G network is shown in
Fig. 10. The weighted degrees in summer and autumn are
nearly zero. In winter and spring, there are large weighted
degrees in the eastern part of China, especially around Bei-
jing. The weighted degrees of G network demonstrate dif-
ferent properties from that of C network, which is shown
in Fig. 6. This is because of that Gij characterizes actu-
ally the significance of the correlation Cij among Cˆij(τ) of
different time lag τ . The distribution of directional degrees
of G network is shown in Fig. 11. We can see that there
are large directional degrees only in winter and spring and
in the eastern part of China, as the weighted degrees. The
direction of directional degrees is from north to south. We
think that the large weighted and directional degrees of G
network are resulted in by anthropogenic emissions in the
region and the east Asia winter monsoon. With the C and
G networks, different properties of PM2.5 concentration in
China have been characterized.
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Fig. 9: (Color online) Distribution of directional degree in net-
work of negative correlations.
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Fig. 11: (Color online) Distribution of directional degree in G
network.
Summary. – We have studied the correlations of
PM2.5 concentrations in different sites of China. Using
the hourly PM2.5 concentration data in 754 monitoring
sites over China from Dec. 2014 to Nov. 2015, we can
calculate the correlations between different sites in four
seasons. The probability distribution functions of positive
and negative correlations depend on season. With aver-
ages and standard deviations of correlation, the different
probability distribution functions of different seasons can
be scaled into one scaling function. This indicates that
there is maybe the same mechanism related to correlation
of PM2.5 concentration in different seasons. The positive
correlations are resulted by the transport of PM2.5. For
positive correlations, there are the largest average in win-
ter and the smallest average in summer. The negative
correlations are caused probably by large scale oscillating
climate conditions. In opposite to positive correlations,
there are the largest average in summer and the smallest
average in winter for negative correlations.
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Fig. 10: (Color online) Distribution of weight degree in G net-
work.
Further, PM2.5 concentrations in different sites of China
are studied from the aspect of complex network. Networks
of PM2.5 concentration can be defined either by correla-
tions or by their significances. From weighted and direc-
tional degrees of network, different properties of PM2.5
concentration can be studied. In the networks of posi-
tive correlations, the largest weighted degrees appear in
winter and in the North China plain as far as location is
concerned. The location distribution of weighted degree
and its seasonal dependence are in accord with that of
mean PM2.5 concentration. In the networks of negative
correlations, the largest weighted degrees appear in sum-
mer. This indicates further that the origins of positive
and negative correlations are different. Significant direc-
tional degrees are found for positive correlations in winter.
They demonstrate the existence of net influences of PM2.5
concentrations along Gobi and inner Mongolia plateau,
the North China Plain, Central China, and Yangtze River
Delta. From significances of positive correlation, we can
define a network which has large weighted and directional
degrees only in winter and spring and in the eastern part
of China. The directional degrees are in the direction from
north to south. These properties of PM2.5 concentrations
could be related to anthropogenic emissions in the region
and the Asia winter monsoon.
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